In this work, we analyze the problem of adoption of mobile money in Pakistan by using the call detail records of a major telecom company as our input. Our results highlight the fact that different sections of the society have different patterns of adoption of digital financial services but user mobility related features are the most important one when it comes to adopting and using mobile money services.
Introduction
Wider penetration of the mobile phone services in the developing countries is providing alternate ways to provide financial services through mobile phones ("Mobile money services") in these countries. Considering the lower cost of additional infrastructure government, mobile operators and development agencies all around the world have been trying to promote mobile money services. However, only a few countries have seen widespread adoption of mobile money. Most of the moible money services around the world have been unable to achieve a critical user mass. [11] . An important question thus revolves around understanding what drives customers to adopt and use mobile money. This paper is focused on the following question: How do patterns of adoption of mobile money vary across different demographics (gender, urban/rural areas; rich/ poor areas)? We try to answer this question by applying machine learning algorithms over social networks extracted from mobile money transactions.
Related Work
The work on the adoption of digital financial services has been dominated by macroeconomic work related to regulatory issues around interoperability and the logistics of mobile money agents [3, 4] and a very few research papers have explored the adoption of mobile money from a quantitative perspective. However, mining of insights from mobile communication meta-data has been a popular area of research and some examples of work in this area include predicting the socioeconomic status [1] , gender [5] of mobile phone subscribers, customer churn behavior [9] and analysis of gender disparities using social networks extracted from mobile communication logs [10] .
We have used deterministic finite automata (DFA) based feature engineering over CDR data which is quite similar to the approach used in [8] and [1] . Lastly, the differences in the usage of technology across men and women, poor & rich, and the urban & rural population has been a popular theme of research in the ICTD domain [7] , [2] ,etc. In comparison to these studies, our work employs a more comprehensive feature engineering approach over a bigger dataset to evaluate the role of the different type of features in the adoption of mobile money for people with different demographic backgrounds.
Context and Methods
Our input data consists of anonymized call detail records (CDR) and mobile money transaction information (MMTR) from a major mobile operator of Pakistan. Each row of the CDR typically consists of 31st Conference on Neural Information Processing Systems (NIPS 2017), Long Beach, CA, USA.
arXiv:1712.01081v1 [stat.ML] 13 Nov 2017
the tuple containing {callerID, recipientID, date, time, duration, callerLocation, receiverLocation}. We categorize each user either as a "Voice only user","Registered mobile money user" or "P2P mobile money user" as explained below.
• Voice only users: The users who do not use mobile money services at all.
• Registered mobile money users: The users who have signed up for mobile money.
• P2P mobile money users: The users who have either sent or received money to other users.
Instead of relying on a few handpicked features, we wanted to use a comprehensive set of features for which we have used the DFA based feature generation algorithm as shown in Figure 1 . As an example, say we are interested in constructing a feature for each individual i that corresponds to, "the variance in the average duration of outgoing calls made by i on different days of the week". This feature can be constructed through the following set of recursive rules: (a) filter outgoing calls, (b) filter transactions initiated by i, (c) group by day of week, (d) focus on call duration, (e) aggregate by average (duration per day of week), (f) aggregate using variance (over average daily durations For each of these experiments, we drew a stratified random balanced sample of adopters/peer-to-peer users and non-adopters for each of the six categories (Males, Females; Urban, Rural; and Rich, Poor ). Gradient boosting algorithm [6] is used to classify users and determine prominent features. 
Results
The distribution of conditional feature importance values for all the features generated through the DFA is shown in the Figures 2, 3, 4 . First thing to note in the Figures 2, 3, 4 is that different category of features have different aggregate feature importance for different cases. Both network and usage related features are a more likely indicator of adoption for females while mobility related features have more predictive power for male users. Usage related features are the most important category for the female users while the mobility related features are the most important one for male users.
Similarly, mobility is the most important category of features for both urban and rural districts. However, compared to rural districts, the network, and usage related features of the users in the urban districts are not that important. The importance of the network related features for the rural users indicates that the awareness of the mobile money services and endorsement effects from other mobile money users play an important role in the adoption of mobile money services. The trends for the rich vs. poor districts are quite similar to the urban and rural districts.
The features importance for each of the experiments for voice only users vs peer to peer mobile money users is shown in the figures 5, 6 and 7. Usage related features are the top category of peer-to-peer transactions for the female users, while the mobility related features are the top determinant for the male users as shown in the Figure 5 . Mobility related features are still the top features for the urban and rural districts (6) while in comparison to the Figure 6 the importance of network related features is lower while the importance of the usage features is higher for the rural district's users. In comparison 
Conclusion
Most interesting finding of this work are the differences in performance of the different type of features for different sections of the society. For example, the usage category was the top one for the female users but not for the male users. This indicates that the males who may be working remotely or have to commute to work are more likely to use the mobile money, whereas the women who are more active or have higher technology literacy are more likely to user mobile money. Similarly, mobility of the users is the prime determinant when it comes to the adoption of mobile money in both urban & rural and rich & poor districts. However, the people in rural districts with a larger network are more likely to use mobile money. These results can help the marketing and developing agencies to promote the adoption of mobile money in the developing countries. 
